Abstract. Octamer-binding protein 2 (Oct2) binds to the ATGCAAAT octamer on the IgH enhancer and stimulates IgH expression in human multiple myeloma (MM). Cysteine-rich secreted protein 3 (CRISP3) possesses the ATGCAAAT sequence and thus is activated by Oct2 in mouse B cells, suggesting that CRISP3 may be activated in and be a potential biomarker for MM. The present study involved a meta-analysis of the gene expression profiling data of human MM peripheral blood. Significantly expressed genes were analyzed on merged super array microarray data and selected sample data with significantly expressed genes were additionally analyzed by principal component analysis and Bayesian probit regression. CRISP3, Oct2, Apha-1B-glycoprotein (A1GB) and Cyclin D2 (CCND2) were validated in clinical MM peripheral blood samples using reverse transcription quantitative polymerase chain reaction. In the gene expression profiling data, CRISP3 was significantly upregulated and had certain proportions on the discriminated principal component of significantly expressed gene sample data. RT-qPCR analysis revealed CRISP3 was significantly upregulated in MM. Therefore, CRISP3 is a potential peripheral blood biomarker for MM.
Introduction
Multiple myeloma (MM) is a neoplastic plasma cell disorder with heterogeneous clinical features (1) . The pathogenesis of MMs is a multiple developmental process. However, the underlying molecular mechanism is largely unknown. Monoclonal gammopathy of undetermined significance (MGUS) has an incidence of 1% per year for malignant transformations, and is one of the primary causes of MM. Chromosome translocations or hyperdiploidly frequently occur in MM and MGUS, particularly in immunoglobulin heavy chain (IgH) translocation (2) . IgH translocation often results in the juxtaposition of oncogenes to the IgH promoter, thereby causing the overexpression of oncogenes including cyclin D (CCND), V-Maf avian musculoaponeurotic fibrosarcoma, Multiple myeloma SET domain-containing protein and fibroblast growth factor receptor (3) (4) (5) . A previous study has indicated that transcription factor Octamer-binding protein 2 (Oct2), also known as POU class 2 homeobox 2, may activate the IgH gene enhancer and consequently enhance IgH gene expression by directly binding to the consensus octamer site ATGCAAAT (4) . Notably, CRISP3encoding Cysteine-rich secreted protein 3 (CRISP3) also possesses the ATGCAAAT sequence, and has been demonstrated to be activated by Oct2 in mouse B cells (6) (7) (8) . This suggests that the deregulation of CRISP3 may contribute to the pathogenesis of MM, and is a novel potential diagnostic or therapeutic biomarker for MM.
Gene expression profiling is a powerful way of understanding the molecular basis of diseases, and has been applied to explore the unique gene expression patterns and distinctly expressed genes of MM from different samples including peripheral blood, bone marrow and isolated cells (9) (10) (11) . A number of potential biomarkers pertaining to disease classifications and therapy responses have been identified (5) . The transcriptional profiling of peripheral blood from patients with MM has provided not only genetic alterations, but also useful diagnostic and prognostic information. However, independent studies (9-11) based on different working platforms have only provided fragmented genetic data; and the peripheral blood environment is usually complicated and affected by numerous factors. Therefore, in order to be precise, the integrated analysis of the gene expression patterns of peripheral blood of MM is essential for accurate diagnosis, patient stratification and prognosis.
Meta-analysis-based computational methods have provided general information from different studies, and have been successfully utilized in certain genetic disorders (12) . In the present study, the transcriptional changes of MM peripheral blood from the super array data derived from different
In silico analysis identifies CRISP3 as a potential peripheral blood biomarker for multiple myeloma:
From data modeling to validation with RT-PCR DONG LENG 1 , RAN MIAO 2 , XIAOXI HUANG 2 and YING WANG studies (9) (10) (11) were analyzed, and the principal components from this data were extracted. These data were additionally analyzed by Bayesian probit regression modeling. Key discriminate genes were additionally grouped and annotated. As CRISP3 was identified to be upregulated in other types of cancer, particularly in prostate cancer (PC), the microarray data of PC human peripheral blood samples and the corresponding controls were obtained and re-normalized to the super array data of MM peripheral blood and the control. The selected Oct2, Alpha-1B-glycoprotein (A1GB), CCND2 and CRISP3were validated by reverse transcription quantitative polymerase chain reaction (RT-qPCR) in MM and healthy control peripheral blood samples. These theoretical and experimental data analyses may provide useful indications of the process of MM pathogenesis, and assist in the diagnosis and prognosis determination of MM. Data preprocess. The series matrix file (txt version) of each dataset was used directly in the data analysis. For the purposes of easier plotting and reducing the level of variation, all measurements were Log 2 -transformed in advance. Probe names of each data were replaced with their corresponding official gene symbols (gene names), and the original sample names were renamed according to their status for ease. As different versions of Affymetrix platforms possess different numbers of probes, probes were designed specifically according to the initial experimental objectives of the analyzed studies (9) (10) (11) , in the attempt to measure corresponding genes. In the present study, different microarray data were combined via selecting common genes together with the corresponding measurements within different datasets in an attempt to get more precise discriminated genes from MM and the healthy control whole blood samples. Median values were used when one gene was repeatedly detected by >1 probe.
Materials and methods

In
Normalization. In order to allow the data of different studies to be comparable from each other, the cross-platform normalization (XPN) method (14) was performed on preprocessed data. R commands, together with the Bioconductor package CrOss-platform Normalization in R (CONOR_1.0.1) (the package is no longer available from the webpage http://alborz.
sdsu.edu/conor, but was originally downloaded 9th March, 2014 and is now available on request from the corresponding author), were utilized for data normalization (14, 15) . During the normalization process, the sum of the squared Euclidean distance converged to a local minimum, and data were iteratively clustered. This procedure would not only eliminate systematic errors among each individual data, but would also maintain the complete biological information to ensure that all information of gene expression data was not affected by normalization.
General expression pattern prediction. Gene expression of MM are affected by environmental and genetic factors (16) . The genetic features of the disease states is represented by the majority of specimens in the form of gene expression patterns, and has been revealed by a previous study investigating the genetic lesions of MM (17) . A two-way clustering method (based on hierarchical clustering algorithms that processed by the Euclidean distance similarity metric and the complete linkage clustering using the Gene Clustering 3.0 and Java TreeView software; the open source software is available from the website, http://bonsai.hgc. jp/~mdehoon/software/cluster/software.htm) was used to determine differentially expressed genes that distinguished between MM and the healthy controls. Distinctive samples that could not be clustered into common conditions were not considered for additional analyses. In order to identify the clearly distinguished expression pattern between normal and MM samples, a student's t-test was also performed on the combined microarray data. Genes with P<0.05 were considered to be differentially expressed.
Principal component extraction and building of the Bayesian probit regression model. Gene expression data possess multiple dimensional properties. Each gene may have interactions with others, and this interaction association can be worked out by data mining. In the present study, the principal components of genes from the MM peripheral blood data with significantly expressed genes were extracted, and the expression patterns were characterized. Each gene has a loading coefficient with each principal component. In addition, Principal components with a cumulative proportion of 85% were selected for Bayesian probit regression modeling.
Gene enrichment analysis. Significantly expressed annotations of genes were obtained through the online Database for Annotation, Visualization and Integrated Discovery (DAVID) search engine v.6.7 (http://david.abcc.ncifcrf.gov/) (18, 19) . Genes were classified according to their known biological functions, and gene enrichments of each term were also visualized. Gene expression validation by RT-qPCR. Total RNA was extracted from whole blood samples (including 18 healthy controls and 12 patients with MM) by the phenol chloroform method. In brief, 250 µl EDTA anti-coagulated blood was mixed with 750 µl TRIzol ® (Life Technologies; Thermo Fisher Scientific, Inc.) and 1 µl RNA carrier (Beijing TransGen Biotech Co., Ltd, Beijing, China). Following incubation at room temperature for 5 min, the mixture was added to 200 µl chloroform and vortexed rigorously at 200 x g under room temperature for 30 sec, followed by incubation at room temperature for 3 min. Subsequent to centrifugation at 12,000 x g for 15 min at 4˚C, the supernatant (400-500 µl) was transferred to an RNase-free tube and incubated with equal volume of isopropanol at room temperature for 10 min. The mixture was centrifuged at 12,000 x g for 10 min at 4˚C, and the pellet was washed with RNase-free 75% ethanol, followed by low speed centrifugation at 8,600 x g for 5 min at 4˚C. Following the volatilization of almost all the ethanol, the pellet was mixed with 20 µl RNase-free ddH 2 O. The 20-µl RNA solution was reverse transcribed into cDNA by mixing with the 5-µl RT-mix (5X all-in-one RT Master Mix, Abcam, Cambridge, MA, USA) at 25˚C for 10 min, 42˚C for 15 min and 85˚C for 5 min. The template cDNA was diluted to 1:20 in ddH 2 O. RT-qPCR was performed on ABI7500 in a 20-µl reaction volume containing 2 µl diluted cDNA, 1 µl forward and reverse specific primers, and 10 µl qPCR mix (EvaGreen qPCR Master Mix-low ROX; Applied Biological Materials, Inc., Richmond, Canada). The thermocycling conditions were as follows: 50˚C for 2 min, 95˚C for 10 min, followed by 40 cycles of 95˚C for 15 sec, 60˚C for 30 sec and 72˚C for 30 sec. The expression level of the target gene was normalized to β-actin using the Cq method (20) . All specific primers are summarized in Table I .
CRISP3 expression among MM control and MM samples
Statistical analysis. Differentially expressed genes in MM samples compared with normal samples were elucidated by supervised classification using the R command based software Significance Analysis of Microarray (SAM) 4.0 (http://www-stat.stanford.edu/˜tibs/SAM/, software accessed on 10th of September, 2015 supplied by Stanford University, CA, USA) on the sample data with a predicted expression pattern (21) . False discovery rates were calculated for each differently expressed gene. The T-statistic method predicted significantly and differently expressed genes, and provided a SAM score for each gene. The higher the SAM scores, the more significant the distinctive gene. Fold changes were also calculated as the average of MM gene expression measurements divided by the average of the healthy control gene expression measurements.
Differences in gene expression measurements from the GEO datasets were assessed using an unpaired Student's t-test by Microsoft Excel software 2007 (Microsoft Corporation, Redmond, WA, USA), and P<0.05 was considered to indicate a statistically significant difference. Supervised classification of samples was analyzed using the T-statistic test by SAM 4.0 software supplied by Stanford University, CA, USA, and a SAM score <0.05 was considered to indicate a statistically significant difference. The principle components of the gene expression data were extracted using Principle Component Analysis followed with Bayesian probit regression analysis by pr and arm packages under R command: Principle components with cumulative proportions up to 80% were considered as sufficient for data description, a probit of principle component <0.05 was considered as significant different, and a gene with loading coefficient >0.8 was considered as a signature. Changes in gene expression validated by RT-qPCR were Table I . Primers used in reverse transcription quantitative polymerase chain reaction.
Gene
Forward primer Reverse primer
CRISP3, Cysteine-rich secreted protein 3; Oct2, Octamer-binding protein 2; A1BG, Alpha-1B-glycoprotein; CCND2, cyclin D2. 
Results
In silico gene expression analysis Data selection. Through searches using the keyword ʻmultiple myelomaʼ in the GEO datasets, 8,918 records were obtained. Among these records, 8,655 were concerning Homo sapiens samples. Within these datasets, 269 intact GSE data contained mostly complete experimental information including summary, overall design, contributors, platforms, sample information and supplementary files. Subsequent to analyzing these published datasets by title, summary, platform, total transcripts, total samples, sample source, control (normal) sample number, control (normal) sample source, data format, dataset contributor and references, 3 human peripheral blood datasets were obtained (Table II) . All of these were derived from experiments that were used to compare the gene expression of MM with normal samples.
Preprocessed raw data. The selected gene expression data were compared with each other to produce a common gene list. In the present study, a total of 1,3193 common genes were obtained. In particular, duplicated measurements concerning special genes, including unique genes replaced by different probes and designed by different gene arrays, were combined to calculate their median values.
Super array data. By using the R packages of CONOR, the 3 selected gene expression data were combined together to generate a super array data (data not shown). A total of 48 samples (32 MM and 16 normal samples) from different studies and 13,193 common genes, together with the corresponding measurements, were used to identify the gene expression pattern of MM.
General gene expression pattern. The iterated application of Two-way Clustering and unpaired student's t-test of these super array data produced the largest general expression pattern of MM, compared with normal samples (Fig. 1A) . Significantly and differentially expressed genes. Within the general expression pattern of the super array data, 620 genes were identified as significantly expressed using the SAM software, including 379 up regulated and 241 down regulated genes (Fig. 1B) . In addition, genes with a higher coefficient above CRISP3 (for CRISP3, the coefficient was 3.57) conformed to the general expression pattern predicted by unsupervised clustering and supervised classification (Fig. 1C) .
Principal component and Bayesian probit regression model.
In an attempt to identify more valuable clues from the complicated numeral data, the principal component of the super array for MM peripheral blood was extracted. Each principal component has a proportion that may be used for sample classification, and those components with cumulative proportions >85% may provide the primary description of the expression profile of this disease. A total of 19 principal components, with a cumulative proportion of 85.6%, were obtained. These were then used to construct a Bayesian probit regression model. In this regression analysis, only the significant principal component one (P<0.05) was useful in distinguishing the disease. With this modeling, it was identified that the MM samples and healthy controls were clearly classified by the top 3 principal components (Fig. 2) .
Gene annotations. Next, the significantly and differently expressed genes were analyzed using the DAVID software for gene annotation analysis, and 570 biological terms concerning the functions of genes were obtained. The top 10 terms are summarized in Table III . The majority of these significantly and differently expressed genes are involved in gene expression processes, including acetylation, phosphorylation and translation elongation.
CRISP3gene expression across MM normal and MM, and PC normal and PC in whole blood samples of the GEO profiles.
In order to validate the gene expression of crisp3 in other types of cancer, the super array data comparing MM and the corresponding normal control peripheral blood samples were re-normalized to the microarray data comparing PC and the corresponding normal control. The microarray data of PC and normal peripheral blood samples were downloaded from the GEO profile data of GSE30174 (22) . The relative gene expression levels of CRISP3 were plotted according to the normalized gene expression data in each study (Fig. 3) . Crisp3 was significantly upregulated (P<0.05) in MM compared with the corresponding normal control sample. However, the expression of CRISP3 was not significantly altered between peripheral blood samples of PC and the corresponding controls.
Transcriptional changes of genes validated by RT-qPCR.
CRISP3 possesses the Oct2 binding sequence and is activated by Oct2 in mouse B cells (6) (7) (8) . A1BG is a secreted protein that exhibits a high affinity with CRISP3, and was identified Figure 3 . Gene expression level of CRISP3 in whole blood samples of MM normal, MM, PC normal and PC. The expression levels of CRISP3 in different sample types were plotted according to the corresponding gene expression measurements in each study, and all measurements were normalized by XPN method before comparing. Normal_MM, the healthy control peripheral blood samples for multiple myeloma; MM_MM, the multiple myeloma peripheral blood samples; Normal_PC, the healthy control peripheral blood samples for prostate cancer; PC_PC, the prostate cancer peripheral blood samples; CRISP3, cysteine-rich secreted protein 3. to be over expressed in cervical intraepithelial neoplasia (23) . CCND2 is a cellular cyclin that has been previously demonstrated to be upregulated in MM (24) . In the present study, gene expression of CRISP3, A1BG, CCND2 and Oct2 were additionally validated in whole peripheral blood samples from healthy controls and patients with MM by RT-qPCR (Fig. 4) . In comparison to that of peripheral blood samples from healthy controls, CRISP3 was significantly up regulated, with an ~10-fold increase in peripheral blood samples from patients with MM (P<0.0001), while Oct2 was significantly down regulated (P<0.05) with an ~2.5-fold decrease. However, there was no significant difference in the expression of A1BG and Oct2 in peripheral blood between patients with MM and normal controls.
Discussion
IgH translocation leads to the over expression of oncogenes juxtaposed to the IgH enhancers (4, 25, 26) . Although it is generally accepted that IgH translocation occurs frequently either in malignant MM or MGUS (4), little is known about the exact mechanism of MM development. The transcriptional factors Oct2 and B-cell-specific coactivator OBF-1 may activate the expression of IgH by directly binding to the consensus ATGCAAAT octamer, which also exists on the CRISP3 gene (6, 27) . Previous studies have indicated that the gene expression of CRISP3 was markedly up regulated in prostate carcinoma and closely associated with neoplastic epithelium (27, 28) . Additionally, CRISP3, together with Transcription regulator ERG and Phosphatase and tensin homolog, defined a molecular subtype of poorest clinical outcomes (27, 28) , suggesting that CRISP3 is a potential biomarker for prostate cancer. In addition, CRISP3 expression has been demonstrated to be altered in chronic pancreatitis and oral squamous cell carcinoma (29, 30) . Furthermore, it was identified that CRISP3was activated by Oct2 in mouse B cells (6) (7) (8) . Nevertheless, the expression status of CRISP3 and its potential as a peripheral blood biomarker in human MM remains to be determined. Data of human peripheral blood samples from the GEO repository may be merged together to produce a large sample data, and this super array data possesses a distinguished expression pattern, as observed in previous studies that used tissue samples (31, 32) . The present study identified that the gene expression of MM peripheral blood also possessed a marked pattern, even in the merged data. Particularly, all MM samples including peripheral blood mononuclear cells, Natural killer cells or even T cells were clustered together with no bias, compared with healthy controls. This additionally indicates that such expression patterns do not change in peripheral blood by sample type. Notably, the present study revealed that in human peripheral blood samples, CRISP3 was significantly up regulated in the gene expression profiling data from the GEO repository and in the clinical samples. The expression of CRISP3 was significantly up regulated in the unsupervised clustering and supervised classification, indicating that this change is stable. In addition, 19 principal components were extracted from the preprocessed data to produce only 1 marked component by the Bayesian probit regression analysis, and CRISP3 did have certain proportions on this component. Although the expression of CRISP3 was identified to be significantly up regulated in PC tissue in previous studies (28, 33) , there was no significant difference in CRISP3 expression between PC and normal control peripheral blood samples. These results indicate that CRISP3 may be used as a potential associated biomarker in peripheral blood. In addition, significantly expressed gene enrichment revealed characteristics for MM peripheral blood; for instance, acetylation and phosphorylation. Compared with healthy controls, these biological features of MM peripheral blood samples may partially verify that chromosome change is one of the key events in MM development. However, gene annotation and functional enrichment analysis did not indicate any evidence of CRISP3 participating in the events associated with MM development, which is probably due to the limitation of present studies on gene function. Therefore, future studies on the role of CRISP3 in chromosome translocation may provide novel insights into the pathogenesis of MM. Furthermore, the expression pattern of CRISP3 in the merged data did not indicate any indications of features for disease progression or for patient prognosis. Additional studies on the role of CRISP3 in different stages of MM will provide novel insight into the precise mechanism of CRISP3 in MM pathogenesis.
Additional experimental validation by RT-qPCR confirmed the observations from the analysis of microarray data. The gene expression of CRISP3 was significantly up regulated in clinical samples from patients with MM patient, while the oncogene CCND2 was down regulated in the MM samples of the present study. Future investigations are required to determine crisp3 expression at the protein level and the mechanism of the up regulation of CRISP3 in bone marrow cells.
To the best of our knowledge, the present study is the first to investigate the gene expression of human peripheral blood by combing multiple studies in the GEO repository, and has identified distinct expression patterns in the principal component of the merged large sample data, which was additionally validated by clinical peripheral samples. Most importantly, the present study has revealed that CRISP3 is significantly over expressed in MM peripheral blood samples. These data suggest that CRISP3 is an associated novel peripheral blood biomarker of MM.
